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Abstract: This contribution reviews how usability in Brain-
Computer Interfaces (BCI) can be enhanced. As an ex-
ample, an unsupervised signal processing approach is pre-
sented, which tackles usability by an algorithmic improve-
ment from the field of machine learning. The approach
completely omits the necessity of a calibration recording
for BCIs based on event-related potential (ERP) paradigms.
The positive effect is twofold - first, the experimental time is
shortened and the productive online use of the BCI system
starts as early as possible. Second, the unsupervised ses-
sion avoids the usual paradigmatic break between calibra-
tion phase and online phase, which is known to introduce
data-analytic problems related to non-stationarity.
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Introduction
Usability challenges in Brain-Computer Interfaces so far
have impeded their application in every-day scenarios. Re-
cently, this problem has been recognized and addressed by
a number of research projects, which have taken the field
closer to a true usability for patients. Among them hy-
brid BCI paradigms [1, 2], simplified user interfaces [3],
dry electrode systems [4, 5], reduced electrode sets [6, 7],
transfer learning approaches [8, 9], shared control princi-
ples [10], improvements in BCI paradigms [11, 12] and
stimulus modalities [13, 14, 15] need to be recognized.
Methods
Now, another brick has been placed to form this impor-
tant fundament - a completely unsupervised signal process-
ing approach [16]. Discarding calibration recordings com-
pletely – even for novel subjects – this method allows for a
kick-start usage of BCI systems, which are based on event-
related potentials (ERP) like the P300.
Making use of an established six-class auditory spelling
paradigm [12], examples of the online experience with this
Bayesian unsupervised approach are presented, and a com-
parison to the traditional approach involving supervised
LDA classification and explicit calibration recordings is
made.
Results
The positive effect of the unsupervised classification ap-
proach for ERPs is twofold. First, the overall experimen-
tal time is shortened by the unsupervised approach, as the
productive online use of the BCI system starts as early, as
enough evidence has been collected from the data. Second,
the unsupervised session is monolithic in the sense, that it
does not undergo any paradigmatic change and the feed-
back mode remains the same throughout the session. This
strategy avoids the usual paradigmatic break between cal-
ibration phase and online phase, which is known to intro-
duce data-analytic problems related to the increasing non-
stationarity of the data.
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